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CHAPTER 1 General Introduction 
本章の内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出
版予定。 
1.1 Large trawl fishery in the East China Sea 
 
1.2 Conventional abundance index 
 
1.3 Assessment of target species in the ECS and its problems 
 
1.4 Statistical analysis method for CPUE data 
 
1.5 Aim of this study 
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CHAPTER 2 Data and data conversion 
 
2.1 Data 
2.1.1 Fishery-dependent data 
この内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出
版予定。 
 
2.1.2 Fishery-independent data 
この内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出
版予定。 
 
2.2 Data conversion 
In the time-series analyses, dependence of the variance of states on the levels 
of the states can generate bias in the estimated results. This “dependence of the 
variance of states on their levels” is not the spatiotemporal autocorrelation between 
states (i.e., population densities, which correspond to the observed CPUE data in the 
present study), but the dependence of fluctuation amplitude of states on their levels. 
In general, amplitudes of fluctuation of states are larger when the levels of states 
are higher, and vice-versa (Hayakawa et al., 2007; Nakamura and Ueno, 2002; Fig. 
2.7). Additionally, in the present study, Kalman filter algorithm is used in the 
MARSS model (Holmes et al., 2014), thus, datasets with normal distribution are 
desirable through the analyses. Then three methods were tested to convert the 
observed fishery CPUE data tY  at time t for removing such dependence and 
securing the normality of the data distribution: 
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(1) Logarithmic transformation: tY 1)( log tY , where 1)( log tY  is the 
converted data; 
(2) Power transformation (Nakamura and Ueno, 2002; Hayakawa et al., 2007): 
tY
μ
tY , where 
μ
tY  is the converted data and μ is the power exponent. Parameter μ 
was estimated in R software;  
(3) Box-Cox transformation (Box and Cox, 1964; Boylan et al., 1982): tY
12 1))((
1 μ /μY μt   when 1μ  0, while ty )( log 2μYt   when 1μ  = 0, where 
12 1))((
1 μ /μY μt  , )( log 2μYt   are converted data, and 1μ , 2μ  are parameters. 
GeoR package in R was used to estimate the parameters 1μ  and 2μ . 
A normality test was conducted to choose the most suitable data-conversion 
method by referring to a histogram and a Q-Q plot to compare the performance of 
these three methods. Histogram gives an estimate of the probability distribution of 
a continuous variable; while Q-Q plot is a probability plot, which is a graphical 
method for comparing two probability distributions by plotting their quantiles 
against each other (Wilk and Gnanadesikan, 1968). If compared distributions are 
similar, the points in the Q–Q plot will approximately lie on the line xy   (Henry, 
2002). R software was utilized to compare the distribution of fishery CPUE datasets 
with the normal distribution. 
The entire fishery CPUE datasets from 1959 to 2014 of yellow seabream, 
largehead hairtail, and silver croaker were used for conversion. As stated above, 
these datasets were collected from the whole operational fishing grids in the ECS. 
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2.3 Results for data conversion 
For the entire fishery CPUE data of yellow seabream, frequency of the leftmost 
data on the abscissa with the value of 0 did not change by any conversion method, 
while rest of the data were greatly changed (Fig. 2.8). In the present study, many of 
the 0s were considered to be derived from fishing grids where yellow seabream are 
not inhabited, thus, these 0s might be separate values which can be ignored in the 
results. As a result, comparing with the logarithmic transformation, probability 
distribution of fishery CPUE data with power and Box-Cox transformation were 
more approximate to the normal distribution (Fig. 2.8). 
Then, Q-Q plot was used to make a further comparison. The regression line of 
fishery CPUE data with power transformation was closer to the line xy   than the 
Box-Cox one (Fig. 2.9). Accordingly, power transformation was the most suitable 
data-conversion method for securing the normality of data distribution. 
     For the fishery CPUE datasets of largehead hairtail and silver croaker, I got 
the same conclusions that distribution of data with the power transformation 
corresponded best to normal distribution (Fig. 2.10-2.13).  
この内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出
版予定。 
After conducting the power transformation, the dependence of the variance of 
converted CPUE data on their levels was greatly weakened when compared to that 
of the raw CPUE data. For yellow seabream, largehead hairtail, and silver croaker, 
a fishing grid was randomly chosen to show the results obtained, respectively (Fig. 
2.14). 
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Fig. 2.1-Fig. 2.6 
これらの図は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出版予
定。 
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Fig. 2.7 Relation between annual catch and its variation of top shell Turbo (Batillus) 
cornutus in prefectures along the Pacific coast in Japan. When tC  represents the annual 
catch at time t, 
2
1 )( tt CC   represents the variation of catch at time t. Redrawn figure of 
Hayakawa et al., (2007). 
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Fig. 2.8 Histogram of the entire raw CPUE data of yellow seabream, with the logarithmic transformed one, the power transformed one and the 
Box-Cox transformed one, respectively. 
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               Raw CPUE data                  Power transformation                Box-Cox transformation 
 
                                               Norm quantiles 
 
Fig. 2.9 Q-Q plots of the entire raw CPUE data of yellow seabream, with the power transformed one and the Box-Cox transformed one, respectively. 
The red line is the regression line of data. 
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Fig. 2.10 Histogram of the entire raw CPUE data of largehead hairtail, with the logarithmic transformed one, the power transformed one and the 
Box-Cox transformed one, respectively. 
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Raw CPUE data                   Power transformation                  Box-Cox transformation 
   
Norm quantiles 
 
Fig. 2.11 Q-Q plots of the entire raw CPUE data of largehead hairtail, with the power transformed one and the Box-Cox transformed one, 
respectively. The red line is the regression line of data. 
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Fig. 2.12 Histogram of the entire raw CPUE data of silver croaker, with the logarithmic transformed one, the power transformed one and the Box-
Cox transformed one, respectively. 
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Fig. 2.13 Q-Q plots of the entire raw CPUE data of silver croaker, with the power transformed one and the Box-Cox transformed one, respectively. 
The red line is the regression line of data. 
 
C
P
U
E
 
13 
 
Raw CPUE data                          Converted CPUE data 
  
 
  
  
CPUE 
Fig. 2.14 Relations between fishery CPUE and its variation of a random fishing grid for (a) yellow 
seabream: fishing grid No. 246; (b) largehead hairtail: fishing grid No. 266 and (c) silver croaker: fishing 
grid No. 270. For comparion, relations for the raw CPUE data were shown on the left side and those for 
the converted data were shown on the right side. The regression lines of data were in red. CPUE with 
the value of 0 were removed for plotting. When tY  represents the CPUE at time t, 
2
1 )( tt YY   represents 
the variation of CPUE at time t.  
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CHAPTER 3 Development of a practical way of utilizing the MARSS model 
 
この章の内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内
に出版予定。 
 
3.1 Introduction 
 
3.2 MARSS model and parameter settings 
 
3.3 Materials and methods 
3.3.1 Relationship between the number of analyzed fishing grids and the 
interpolation accuracy 
 
3.3.2 Relationship between the number of analyzed fishing grids and the analysis 
time 
 
3.3.3 Method for reducing the analysis time 
3.3.3-1 “Partial Kalman filter” method 
 
3.3.3-2 “Reduced EM iterations” method 
 
3.3.3-3 Comparison of the log-likelihood and analysis time 
 
3.4 Results 
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3.4.1 Relationship between the number of analyzed fishing grids and the 
interpolation accuracy 
 
3.4.2 Relationship between the number of analyzed fishing grids and the analysis 
time 
 
3.4.3 Method for reducing the analysis time 
 
3.5 Discussions 
3.5.1 Interpolation accuracy and analysis time with MARSS 
 
3.5.2 Practical method for reducing analysis time 
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Fig. 3.1-3.6 の内容は、学術雑誌論文として出版する計画があるため公表できない。5
年以内に出版予定。 
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CHAPTER 4 Application of the MARSS model to CPUE data from trawl fishery 
 
この章の内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内
に出版予定。 
 
4.1 Introduction 
 
4.2 Materials and methods 
 
4.2.1 Selection of the analyzed fishing grids  
 
4.2.2 Estimation of the AIs and CIs 
 
4.2.3 Effect of missing values on CIs 
 
4.2.4 Calculation of conventional AIs 
 
4.3 Results 
 
4.3.1 Yellow seabream 
 
4.3.2 Largehead hairtail 
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4.3.3 Silver croaker 
 
4.4 Discussion 
4.4.1 Yellow seabream 
 
4.4.2 Largehead hairtail 
 
4.4.3 Silver croaker 
 
4.4.4 Accuracy and precision of AIs 
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Fig. 4.1-4.12 の内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出版
予定。 
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Chapter 5 Utilization of data from research vessels in MARSS 
本章の内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出版
予定。 
5.1 Introduction 
 
5.2 Materials and methods 
5.2.1 Conversion for survey CPUE data 
 
5.2.2 Analysis of fishery and survey data in MARSS 
 
5.3 Results 
5.3.1 Yellow seabream 
 
5.3.2 Largehead hairtail 
      
5.4 Discussion 
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CHAPTER 6 General discussion 
本章の内容は、学術雑誌論文として出版する計画があるため公表できない。5 年以内に出
版予定。 
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Summary 
The abundance index (AI) is a representative indicator used to assess the state 
of fishery resources. Conventional AI is generally calculated by summing the catch 
per unit of effort (CPUE) weighted by the size of each fishing area. However, CPUE 
data has many missing values because of the annual changes in operational fishing 
areas, which can lead to a considerable bias in the estimated AI. 
This study uses a multivariate auto-regressive state-space (MARSS) model to 
estimate and interpolate missing values in spatially arranged, long-term bottom-
trawl CPUE datasets for yellow seabream Dentex hypselosomus, largehead hairtail 
Trichiurus japonicus and silver croaker Pennahia argentata in the East China Sea 
(ECS) to obtain an unbiased AI. 
 
1. Data and data conversion 
This study employed both the fishery-dependent datasets of yellow seabream, 
largehead hairtail, and silver croaker caught by the Japanese bottom-trawl fishery 
in the ECS and the fishery-independent datasets of yellow seabream and largehead 
hairtail caught by the Japanese bottom-trawl survey in the ECS. Many values were 
missing in the fishery-dependent datasets because of the shrinkage of the 
operational areas. In time-series analyses, dependence of the state variance on the 
levels of the states can generate bias in the estimated results. The logarithmic 
transformation, power transformation, and Box-Cox transformation were tested to 
convert the observed CPUE data for removing such dependence of variance and 
securing normality of the data distribution. A normality test was conducted to choose 
the most suitable data-conversion method by referring to a histogram and a Q-Q plot 
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to compare the performance of the three methods. Power transformation was found 
to be the most suitable data-conversion method. 
 
2. Development of a practical method of utilizing the MARSS model 
First, the converted fishery CPUE dataset of largehead hairtail was used to 
analyze the relationship between the number of analyzed fishing grids and the 
interpolation accuracy. Consequently, the interpolation accuracy could be improved 
by increasing the number of analyzed fishing grids. 
Second, the relationship between the number of analyzed fishing grids and 
the analysis time was determined using the converted fishery CPUE data of 20 
neighboring fishing grids for yellow seabream to the normal MARSS model. The 
analysis times were obtained when the MARSS model was converged for each case. 
As a result, the time required for the analysis markedly increased with an increasing 
number of fishing grids included in the analysis. 
The “partial Kalman filter” and “reduced EM iterations” methods were 
developed to reduce the analysis time when a large number of fishing grid datasets 
were treated simultaneously in the MARSS model. The value of the log-likelihood 
and the analysis time among the normal MARSS, the “partial Kalman filter”, and 
the “reduced EM iterations” methods were compared to determine the most practical 
approach. The least required analysis time and a similar performance to the normal 
MARSS showed that the “reduced EM iterations” method was the most practical 
approach for analysis. 
 
3. Application of the MARSS model to CPUE data from trawl fishery 
24 
 
The converted fishery CPUE datasets for yellow seabream, largehead hairtail, 
and silver croaker were applied to the MARSS model using the “reduced EM 
iterations” method. For each species, the annual shifts in their AIs and their seasonal 
migrations were addressed. The conventional AIs were also calculated for 
comparison. Consequently, the MARSS model adequately evaluated the broadening 
CIs of the estimated AIs when the missing values in the dataset increased in the 
2000s; while comparing with the estimated AIs, the AIs calculated by the 
conventional method showed considerable biases under these conditions. 
 
4. Utilization of data from research vessels in MARSS 
     The CPUE datasets from both the trawl fisheries and the surveys were applied 
to the MARSS model for analysis (i.e., “analysis F&S”) to improve the reliability of 
the estimated AI. In comparison, “analysis F” is an abbreviation for the analysis in 
MARSS when only the fishery CPUE data was utilized. The AIs and 95% CIs 
estimated by “analysis F&S” were calculated for comparison with those estimated 
by “analysis F”. The values of the estimated AIs and the 95% CIs from “analysis F&S” 
were similar to those from “analysis F” before 2000, while became lower than those 
from “analysis F” in the 2000s. The resutls implied that the combined use of data 
from both the fishery and the research survey in MARSS was successful in improving 
the abundance estimation accuracy. The survey datasets were useful when the 
fishery datasets were limited, but they were barely useful when the amount of 
fishery datasets was large enough in the analyses. 
 
In conclusion, applying the MARSS model using the “reduced EM iterations” 
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method to the large-size CPUE datasets of yellow seabream, largehead hairtail, and 
silver croaker confirmed the effectiveness of this new practical approach to the 
CPUE analysis. The MARSS model is available for the evaluation of fishery 
resources, particularly for fish species with a decreasing number of CPUE data 
caused by fishery reduction, such as many fish species in the ECS with a low level of 
abundance; and for species with a changed fishing ground by force (e.g., 
establishment of the exclusive economic zones or the marine protected areas). 
Moreover, the MARSS model will become extremely useful when a spatially arranged 
CPUE dataset is available. Unlike common approaches for CPUE standardization 
(e.g., generalized linear model and generalized additive model), the MARSS model 
can flexibly estimate the states and properly interpolate the missing values 
considering the dynamic temporal (annual and monthly) and spatial effects on the 
CPUE throughout the analysis. Overall, the countries involved must establish an 
effective framework for cooperative management and research activities in this area 
to maintain the sustainable use and proper evaluation of the fishery resources in the 
ECS. Methods such as the MARSS model can provide a useful platform to improve 
cooperative activities. 
  
26 
 
Acknowledgements 
 
This PhD dissertation would not have been completed without the generous 
assistance from many people. First of all, my deepest gratitude is to my supervising 
Associate Professor Dr. Takashi Yamakawa, Graduate School of Agriculture and Life 
Sciences, the University of Tokyo. His support, guidance and encouragement helped 
me overcome many difficulties throughout my study and enabled me to develop a 
broadening understanding of fisheries stock assessment. I have been very fortunate 
to have this wise and kind supervisor in my Doctoral course. 
I am very grateful to Professor Dr. Tsuguo Otake, Graduate School of 
Agriculture and Life Sciences, the University of Tokyo, who has given me many 
precious advices for my study in the seminar, and encouraged me a lot over these 
three years. Also, I really appreciate the other member of my doctoral committee, Dr. 
Kunio Shirakihara, Dr. Kazuhiko Hiramatsu and Dr. Teruhisa Komatsu 
(Atmosphere and Ocean Research Institute, The University of Tokyo), for providing 
valuable and helpful comments on my dissertation. 
I would like to express my gratitude to Dr. Mari Kuroki, Graduate School of 
Agriculture and Life Sciences, the University of Tokyo, who is always very graceful 
and kind to me, and also gives me many precious comment for my study. I think she 
is a very wonderful woman researcher in her field, and want to be a good researcher 
like her in the future. 
Special thanks must go to the members of the Seikai National Research 
Institute for providing data on Japanese bottom-trawl fisheries and research survey 
in the East China Sea, and their precious advice and help. In Particular, the 
27 
 
members of Ms. Mari Yoda, Dr. Tohya Yasuda, Dr. Hiroyuki Kurota and Dr. 
Yoshimasa Aonuma. I also want to thank Dr. Seiji Ohshimo, National Research 
Institute of Far Seas Fisheries, and Dr. Masa-aki Fukuwaka, Hokkaido National 
Fisheries Research Institute for their significant advice and helpful suggestions to 
my study. 
I would extent my thanks to all my lab mates. Without their kindness, I couldn’t 
much feel comfortable in the laboratory every day. 
Thanks also to my friends who have been always supported my life and 
encouraged me to look forward. 
Last but not least, I am exceedingly grateful to my family, they never stopped 
encouraging and supporting me all the time. I could not have completed my study 
without their love and help. Thank you for always believing in me. Thank you all. 
以上の方々に、心より感謝を申し上げます。 
  
28 
 
References 
 
Allison PD (2001) Missing data. SAGE Publications, Thousand Oaks, CA 
Allison PD (2003) Missing data techniques for structural equation models. J Abnorm 
Psychol 112:545-557 
Aonuma Y, Sakai T (2015a) Stock assessment and evaluation for the largehead 
hairtail (Trichiurus japonicus) in the Japan Sea and the East China Sea (fiscal 
year 2014). In: Marine fisheries stock assessment and evaluation for Japanese 
waters (fiscal year 2014/2015), Fisheries Agency and Fisheries Research 
Agency of Japan, Japan, pp 1365-1379 (in Japanese) 
Aonuma Y, Sakai T (2015b) Stock assessment and evaluation for the demersal fish 
in the East China Sea (fiscal year 2014). In: Marine fisheries stock assessment 
and evaluation for Japanese waters (fiscal year 2014/2015), Fisheries Agency 
and Fisheries Research Agency of Japan, Japan, pp 1719-1730 (in Japanese) 
Beare DJ, Needle CL, Burns F, Reid DG (2005) Using survey data independently 
from commercial data in stock assessment: an example using haddock in ICES 
Division Via. ICES J Mar Sci 62:996-1005 
Belia S, Fidler F, Williams J, Cumming G (2005) Researchers misunderstand 
confidence intervals and standard error bars. Psychol Methods 10:389-396 
Biernacki C, Celeux G, Govaert G (2003) Choosing starting values for the EM 
algorithm for getting the highest likelihood in multivariate Gaussian mixture 
models. Comput Stat Data Anal 41:561-575 
Blanchard JL, Mills C, Jennings S, Fox C, Rackham BD, Eastwood PD, O'Brien CM 
(2005) Distribution-abundance relationships for North Sea Atlantic cod (Gadus 
29 
 
morhua): observation versus theory. Can J Fish Aquat Sci 62(9):2001-2009 
Bordalo-Machado P (2006) Fishing effort analysis and its potential to evaluate stock 
size. Rev Fish Sci 14:369-393 
Box GEP, Cox DR (1964) An analysis of transformations. J R Stat Soc Series B 
(Statistical Methodology) 26(2):211-252 
Box GEP, Jenkins GM, Reinsel GC (2008) Time series analysis: forecasting and 
control, 4th ed. Wiley, New York 
Boylan TA, Cuddy MP, Muricheartaigh IGO (1982) Import demand equations: an 
application of a generalized Box-Cox methodology. Int Stat Rev 50:103-112 
Cameron AC, Windmeijer FAG (1997) An R-squared measure of goodness of fit for 
some common nonlinear regression models. J Econometrics 77(2):329-342 
Campbell RA (2004) CPUE standardization and the construction of indices of stock 
abundance in a spatially varying fishery using general linear models. Fish Res 
70:209-227 
Casini M, Cardinale M, Hjelm J, Vitale F (2005) Trends in CPUE and related 
changes in spatial distribution of demersal fish species in the Kattegat and 
Skagerrk, Eastern North Sea, between 1981 and 2003. ICES J Mar Sci 62:671-
682 
Cavanaugh JE, Shumway RH (1997) A bootstrap variant of AIC for state-space 
model selection. Stat Sinica 7:473-496 
Chen WY, Lee MA, Lan KW, Gong GC (2014) Distributions and assemblages of larval 
fish in the East China Sea during the northeasterly and southwesterly 
monsoon seasons of 2008. Biogeosciences 11:547-561 
Cheng JH, Cheung WWL, Pitcher TJ (2009) Mass-balance ecosystem model of the 
30 
 
East China Sea. Prog Nat Sci 19:1271-1280 
Commandeur JJF, Koopman SJ (2007) An introduction to state space time series 
analysis. Oxford University Press on Demand, New York 
Cortina JM, Dunlap WP (1997) On the logic and purpose of significance testing. 
Psychol Methods 2:161-172 
Dobson AJ (1990) An introduction to generalized linear models. Chapman and Hall, 
London 
Durbin J, Koopman SJ (2012) Time series analysis by state space methods. Oxford 
University Press, New York 
Eisenberg B, Sullivan R (2008) Why is the sum of independent normal random 
variables normal? Math Mag 81(5):362-366 
Fletcher D, Mackenzie D, Villouta E (2005) Modelling skewed data with many zeros: 
A simple approach combining ordinary and logistic regression. Environ Ecol 
Stat 12:45-54 
Fujita H, Kitajima T, Tokimura M (1989) The demersal fishery and resources of the 
East China Sea･Yellow Sea. Bull Jpn Soc Fish Oceanogr 53(3):285-288 (in 
Japanese) 
Fukuwaka M, Yoda M (2015) Stock assessment and evaluation for the yellow 
seabream (Dentex hypselosomus) in the Japan Sea and the East China Sea 
(fiscal year 2014). In: Marine fisheries stock assessment and evaluation for 
Japanese waters (fiscal year 2014/2015), Fisheries Agency and Fisheries 
Research Agency of Japan, Japan, pp 1261-1279 (in Japanese) 
Ham FC, Brown RG (1983) Observability, eigenvalues, and Kalman filtering. IEEE 
Trans Aerosp Electron Syst 19(2):269-273 
31 
 
Hastie T, Tibshirani R (1990) Generalized additive models. Chapman and Hall, 
London 
Hayakawa J, Yamakawa T, Aoki I (2007) Long-term fluctuation in the abundance of 
abalone and top shell in Japan and factors affecting those fluctuations. Bull 
Jpn Soc Fish Oceanogr 71(2):96-105 (in Japanese with English abstract) 
Hilborn R, Walters CJ (1992) Quantitative fisheries stock assessment: choice, 
dynamics and uncertainty. Chapman and Hall, New York 
Holmes EE, Ward EJ, Scheuerell MD (2014) Analysis of multivariate time-series 
using the MARSS package (version 3.9). Northwest Fisheries Science Center, 
NOAA, Seattle, WA, USA 
Holmes EE, Ward EJ, Wills K (2012) MARSS: Multivariate autoregressive state-
space models for analyzing time-series data. R Journal 4:11-19 
Hyndman RJ, Koehler AB (2006) Another look at measures of forecast accuracy. Int 
J Forecast 22(4):679-688 
Jin X, Xu B, Tang Q (2003) Fish assemblage structure in the East China Sea and 
southern Yellow Sea during autumn and spring. J Fish Biol 62:1194-1205 
Kataoka C (2009) History of the trawl fisheries in the East China Sea and the Yellow 
Sea after the Second World War I. Bull Fac Fish Nagasaki Univ 90:19-41 (in 
Japanese with English abstract) 
Kataoka C (2010) History of the trawl fisheries in the East China Sea and the Yellow 
Sea after the Second World War II. Bull Fac Fish Nagasaki Univ 91:35-59 (in 
Japanese with English abstract) 
Kotwicki S, Martin MH, Laman EA (2011) Improving area swept estimates from 
bottom trawl surveys. Fish Res 110:198-206 
32 
 
Lester S.E, Halpern B.S, Grorud-Colvert K, Lubchenco J, Ruttenberg B.I, Gaines 
S.D, Airamé S, Warner R (2009) Biological effect within no-take reserves: a 
global synthesis. Mar. Ecol. Prog. Ser. 384:33-46 
Little RJA, Rubin DB (2002) Statistical analysis with missing data, 2nd ed. Wiley-
Interscience, New York, pp 41-74 
Little RJA, Rubin DB (2002) Statistical analysis with missing data, 2nd ed. Wiley-
Interscience, New York, pp 24-40 
Mackinson S, van der Kooij J (2006) Perceptions of fish distribution, abundance and 
behaviour: observations revealed by alternative survey strategies made by 
scientific and fishing vessels. Fish Res 81:306-315 
Manicom J (2014) Bridging troubled waters. Georgetown University Press, 
Washington, D.C 
Maryak JL, Spall JC, Heydon BD (2004) Use of the Kalman filter for inference in 
state-space models with unknown noise distributions. IEEE Trans Automat 
Contr 49(1):87-90 
Maunder M, Sibert J, Fonteneau A, Hampton J, Kleiber P, Harley S (2006) 
Interpreting catch per unit effort data to assess the status of individual stocks 
and communities. ICES J Mar Sci 63:1373-1385 
Maunder MN (2001) A general framework for integrating the standardization of 
catch per unit of effort into stock assessment models. Can J Fish Aquat Sci 
58(4):795-803 
Meijering E (2002) A chronology of interpolation: from ancient astronomy to modern 
signal and image processing. Proc IEEE 90(3):319-342 
Mizukami C (2003) Gendai-no-kaiyoho. Yushindo-kobunsha, Japan, pp 224-245 (in 
33 
 
Japanese) 
Murray LG, Hinz H, Hold N, Kaiser MJ (2013) The effectiveness of using CPUE data 
derived from Vessel Monitoring Systems and fisheries logbooks to estimate 
scallop biomass. ICES J Mar Sci 70(7):1330-1340 
Nakamura M, Ueno M (2002) Dependence of catch fluctuation on its level. Bull Jpn 
Soc Fish Oceanogr 66(2):110-117 (in Japanese with English abstract) 
Nose Y, Ishii T, Shimizu M (1988) Suisan-shigengaku. University of Tokyo Press, 
Tokyo, pp 173-184 (in Japanese) 
Ono K, Punt AE, Hilborn R (2015) How do marine closures affect the analysis of 
catch and effort data? Can J Fish Aquat Sci 72:1177-1190 
Pikitch E, C Santora, E Babcock, A Bakun, R. Bonfil (2004) Ecology: ecosystem-based 
fishery management. Science 305:346–347 
Polacheck T, Hilborn R, Punt AE (1993) Fitting surplus production models: 
comparing methods and measuring uncertainty. Can J Fish Aquat Sci 
50(12):2597-2607 
Rassweiler A, Costello C, Siegel DA (2012) Marine protected areas and the value of 
spatially optimized fishery management. Proc Natl Acad Sci U S A. 109(29): 
11884–11889 
Ridout M, Hinde J, Demetrio CGB (2001) A score test for testing a zero-inflated 
Poisson regression model against zero inflated negative binomial alternatives. 
Biomaterics 57:219-223 
Shono H (2004) A review of some statistical approaches used for CPUE 
standardization. Bull Jpn Soc Fish Oceanogr 68(2):106-120 (in Japanese with 
English abstract) 
34 
 
Sprecher RA (1994) Model comparisons and R2. Am Stat 48(2):113-117 
Tanaka S (1998) Suisan-shigengaku-soron. Koseisha-koseikaku, Japan, pp 193-198 
(in Japanese) 
Thode HC (2002). Testing for Normality. CRC Press, New York, Marcel Dekker 
Ulltang Ø (1998) Where is fisheries science heading-how can stock assessment be 
improved? J Northwest Atl Fish Sci 23:133-141 
Wilk MB, Gnanadesikan R (1968) Probability plotting methods for the analysis of 
data. Biometrika 55(1):1-17 
Yamada Y (2014) Fishery resource of the East China Sea and the Yellow Sea. 
Fisheries Research Agency 63:1-6 (in Japanese) 
Yamamoto K, Nagasawa K (2015) Temporal changes in demersal fish assemblage 
structure in the East China Sea and the Yellow Sea. Nippon Suisan Gakkaishi 
81(3):429-437 (in Japanese with English abstract) 
Zhu M, Yamakawa T, Yoda M, Yasuda T, Kurota H, Ohshimo S, Fukuwaka M (2017) 
Using a multivariate auto-regressive state-space (MARSS) model to evaluate 
fishery resources abundance in the East China Sea, based on spatial 
distributional information. Fish Sci doi:10.1007/s12562-017-1089-x            
 
